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 ABSTRACT 
 Multiple-trait genome-wide association study 
(GWAS) analyses were compared with single-trait 
GWAS for power to discover and subsequently validate 
genetic markers (single nucleotide polymorphisms; 
SNP) associated with dairy traits. The SNP associa-
tions were discovered in 1 Holstein population and vali-
dated in both a Holstein population consisting of bulls 
younger than those in the discovery population and a 
Jersey population. The multivariate methods used were 
a principal component analysis and a series of bivariate 
analyses. The statistical power of detecting associations 
using multiple-trait GWAS was as good as or better 
than that of the best single-trait GWAS. Additional 
SNP associations were found with the multivariate 
methods that had not been discovered in the single-
trait analyses; this was achieved without an increase in 
the false discovery rate. From the multivariate analysis, 
4 common pleiotropic patterns were identified among 
the putative quantitative trait loci (QTL) affecting the 
Australian selection index. These patterns could be 
interpreted as a primary effect of the putative QTL on 
1 or more milk components and secondary effects on 
other components. The multivariate analysis did not 
appear to increase the precision with which putative 
QTL were mapped. 
 Key words:   multivariate genome-wide association 
study ,  principal component ,  pleiotropy 
 INTRODUCTION 
 The availability of dense SNP assays for cattle (e.g., 
Matukumalli et al., 2009) has made it possible to map 
genes affecting a quantitative trait throughout the ge-
nome using linkage disequilibrium between the marker 
SNP and the QTL. For instance, Cole et al. (2009) 
and Pryce et al. (2010a) both describe a genome-wide 
association study (GWAS) for production and fertil-
ity traits in Holstein cattle. Multiple-trait analysis of 
linkage experiments has been reported to increase the 
power to detect QTL (Knott and Haley, 2000; Korol et 
al., 2001). This paper investigates whether additional 
power can be extracted from a GWAS by analyzing 
traits together rather than one at a time. 
 When correlated traits are analyzed, the sampling 
errors tend to be correlated and this makes the in-
terpretation of the results difficult. To overcome this 
problem, methods that generate uncorrelated traits are 
useful and have been used in this study. When the ef-
fects of SNP on a trait are tested one at a time, which 
is the typical approach for a GWAS, some account 
needs to be taken of the multiple testing that arises 
from performing many significance tests. Unless a very 
stringent significance threshold is used, a consider-
able number of false positives are expected, given the 
large number of SNP that are being tested. However, 
if the number of significant SNP is greater than the 
number expected by chance, some of the significant 
SNP must be true positive findings. This logic has led 
to the use of a false discovery rate (FDR) rather than 
a conventional significance test (Benjamini and Hoch-
berg, 1995; Storey, 2002; Osborne, 2006). For instance, 
an FDR of 10% implies that 90% of the significant 
SNP are true positive findings. The advantage of using 
an FDR approach is that the same test can be used 
whether 1 or many traits are tested. That is, the FDR 
does not need to be adjusted because of the multiple 
testing caused by testing many traits. 
 False discovery rate calculations rely on the assump-
tions of the statistical method used to calculate tradi-
tional significance values. A more robust method is to 
validate the significant associations between traits and 
SNP in an independent data set. Therefore, a popula-
tion of Holstein bulls was used to discover associations 
and 2 independent populations (1 of Holstein bulls and 
1 of Jersey bulls) were used to validate these associa-
tions. Within one breed, substantial linkage disequilib-
rium (LD) can persist for hundreds of kilobases or even 
megabases such that SNP that are a substantial physical 
distance from the QTL can still be associated with it. 
However, across breeds such as Holstein and Jersey, LD 
extends only tens of kilobases (de Roos et al., 2008; The 
Bovine Hap Map Consortium, 2009). This means that 
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SNP associations discovered in Holsteins and validated 
in Jerseys are likely to be very close to the QTL. This 
across-breed mapping strategy has been used in other 
species, such as dogs (e.g., Karlsson et al., 2007).
The precision with which a QTL can be positioned 
on the genome in a GWAS is limited by 2 sources of 
error. First, the LD between marker SNP and the QTL 
is highly variable and therefore the nearest SNP is 
not necessarily the one in greatest LD with the QTL. 
Second, the LD with the QTL is not observed directly 
but only via the effect of the QTL on a phenotypic 
trait. Because the QTL typically explains only a small 
amount of the variance of the trait (Lettre et al., 2008; 
Weedon et al., 2008), the effect of an SNP on the trait 
is estimated with error and this can also cause an SNP 
that is not the nearest to the QTL to have the largest 
effect. By using more than 1 independent trait to map 
the QTL, the second source of error can be reduced but 
not the first.
Genetic correlations between traits could be attrib-
uted to QTL that have pleiotropic effects on multiple 
traits or could be attributed to closely linked QTL each 
affecting different traits. Assuming that some QTL 
show pleiotropy, the pattern of pleiotropic effects would 
be an important clue to the nature of the causative 
mutation and the function of the gene in which it oc-
curred. Pleioptropic effects also can be investigated 
by adjusting one trait with another; this will remove 
almost all of the effect of that trait.
The objectives of this study were to test 2 simple 
multivariate methods to detect SNP affecting dairy 
traits, to understand the patterns of pleiotropic effects 
of genes that affect an economic index of production 
traits, and to examine the ability of multiple-trait 
analysis to increase the precision with which QTL are 
mapped.
MATERIALS AND METHODS
Animals and Traits
The discovery data set, in which the initial GWAS 
was performed, included 767 Holstein bulls with prog-
eny tests before 2005. The validation data sets were 
386 Holstein bulls proven between 2005 and 2007 
(validation data set I) and 317 Jersey sires (validation 
data set II). The bulls had EBV, including information 
from their daughters, for 9 traits (listed in Table 1). 
The EBV were extracted from the Australian Dairy 
Herd Improvement Scheme (ADHIS; Melbourne, 
Victoria, Australia) database. Three additional traits 
not routinely evaluated by ADHIS were also included. 
Persistency of milk yield (persistency) was calculated 
from the slope of the lactation curve (Pryce et al., 
2010b). The sensitivity of milk yield to level of feeding 
(slope Feed) and heat stress (slope TempHum) were 
calculated from random regression analyses in which 
an indicator of these 2 environmental factors was in-
cluded in the statistical model (Hayes et al., 2009). The 
Australian selection index (ASI) was also included as 
a trait. Australian selection index is a selection index 
comprising milk, fat, and protein yields and reflects the 
relative value of these traits under a typical Australian 
milk payment system (ADHIS, 2010). Because a bull’s 
breeding value includes both pedigree information and 
daughters’ phenotypic production (adjusted for fixed 
effects), significant SNP may arise as a consequence of 
pedigree information rather than phenotype. Therefore, 
deregressed EBV were calculated by removing informa-
tion from relatives (Pryce et al., 2010a). Deregressed 
EBV have similar properties to daughter yield devia-
tions.
Molecular Markers
Single nucleotide polymorphism genotypes were 
obtained from the BovineSNP50 BeadChip (Illumina, 
San Diego, CA). Preliminary edits were carried out as 
follows: SNP were discarded if they did not have a call 
rate greater than 90% (41,044/56,024 SNP met this 
criteria), if the proportion of missing genotypes was 
greater than 20%, if the minor allele frequency was less 
than 2% (39,915/41,044 SNP met this criteria), and 
if SNP departed from Hardy-Weinberg equilibrium at 
threshold of P < 0.0001 (636 SNP failed this criteria). 
The SNP were ordered by chromosome position us-
ing Bovine Genome Build 4.0 (http://www.ncbi.nlm.
nih.gov/projects/genome/guide/cow/). The SNP that 
could not be mapped or that were on the X chromo-
some were excluded, leaving a final set of SNP that was 
used for the GWAS of 39,048 SNP. Missing genotypes 
were imputed using the fastPhase program (Scheet and 
Stephens, 2006). Hayes et al. (2009) reported that the 
accuracy of imputation of missing genotypes using fast-
Phase in similar data was 98.7%.
Statistical Analyses
Single-Trait Analyses. The association between 
each SNP and each of the traits was assessed by a re-
gression analysis, using ASReml software (Gilmour et 
al., 2002). The model was as follows: 
y = 1n′μ + wa + Zu + e, 
where y is the vector of deregressed EBV; 1n is a vector 
of 1s of length n sires; μ is the mean; w is a vector of 
the SNP genotypes for the SNP being tested (0, 1, or 
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2); a is the fixed effect of the SNP; Z is an incidence 
matrix relating observations to the corresponding 
random effect; u is the vector of polygenic breeding 
values, sampled from the distribution N(0, Aσ2), where 
A is the numerator relationship matrix; and e is the 
vector of random errors. This regression analysis was 
carried out in the Holstein discovery data set and then 
the significant SNP were tested in Holstein and Jersey 
validation data sets. If a polygenic term is not included 
in the model, many more false positive SNP associa-
tions are found. This occurs because related animals 
tend to share the same SNP genotype and so there is 
confounding between the polygenic effect and the effect 
of a single SNP. The polygenic term is not of great 
importance in itself but is important to minimize false 
discoveries.
Using the same model without fitting SNPi (wa), es-
timates of genetic variance of deregressed EBV for each 
trait in the populations studied were calculated based 
only on the genotyped animals and their ancestors. The 
genetic variance as a proportion of the phenotypic vari-
ance of deregressed EBV is a measure of the reliability 
of the EBV. This will be referred to as the estimated 
reliability to distinguish it from the reliability of the 
EBV provided by ADHIS.
Four different P-values (0.001, 0.01, 0.03, and 0.05) 
were used. In the discovery data set, 39,048 signifi-
cance tests were performed for each trait; therefore, 
a stringent P-value (P < 0.001) was chosen to reduce 
false discoveries. In the validation data sets the num-
ber of significance tests is much less (hundreds) and, 
consequently, a P-value of 0.01 or 0.05 was used. In 
the bivariate analysis of the discovery data set, 2 inde-
pendent tests were used with P < 0.03 because this is 
approximately equivalent to 1 test at P < 0.001 (0.03 
× 0.03 ≈ 0.001).
Two different types of FDR were used in this study. 
The traditional FDR was calculated as FDR =
−
−
p s
s p
( )
( )
,
1
1
 
where p is the significance threshold (P-value) and s is 
a proportion of SNP that are nominally significant 
(number of significant SNP divided by number of total 
SNP). This is equivalent to the FDR formula of Storey 
(2002). This calculation of FDR uses only the discovery 
data set and relies on the correctness of the P-values. A 
more empirical estimate of FDR can be made using the 
validation data sets to determine which associations, 
found in the discovery data set, can be confirmed. The 
simplest estimate would be based on the proportion of 
SNP that are significant in the validation data. How-
ever, this counts some false positives (i.e., some SNP 
are significant by chance) but also misses some SNP 
whose effect is real but too small to be significant in the 
validation data. An attempt to address the lack of 
power to detect small but real SNP effects in the vali-
dation data was made as follows. Among the SNP (N) 
that are significant in the discovery data and hence 
tested in the validation data, assume that those (M) 
with a real association with the trait will show an effect 
in the same direction as in the discovery data. Half of 
the remaining SNP will show an effect in the same di-
rection by chance; consequently, the total number of 
SNP with effects in the same direction as in the discov-
ery data (Q) is expected to be M + (N − M)/2. There-
fore, M can be estimated by 2 × Q − N if Q/n ≥ 0.50 
or M = 0 if Q/n < 0.50. Using M, another estimate of 
the FDR can be made. This FDR is referred to as the 
realized FDR (rFDR) and was calculated as rFDR = 
(N − M)/n = 2 × (N − Q)/N.
Among the SNP that are significant in both the dis-
covery and validation data sets, some are expected to 
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Table 1. Estimated reliability of deregressed EBV for each trait in 3 data sets 
Trait
Data set
Source1 Comment/description of EBV
Holstein-Friesian  
discovery
Holstein-Friesian  
validation
Jersey  
validation
SCC 0.72 0.62 0.49 ADHIS
Survival 0.87 0.21 0.72 ADHIS Survival in the herd from one year to the next
Milking speed 0.93 0.37 0.72 ADHIS High value of EBV is undesirable
Temperament 0.80 0.56 0.48 ADHIS High value of EBV is undesirable
Likeability 0.61 0.25 0.54 ADHIS High value of EBV is undesirable
Protein 0.86 0.91 0.99 ADHIS  
Fat 0.81 0.88 0.94 ADHIS  
Milk 0.77 0.93 0.92 ADHIS  
Slope Feed 0.10 0.10 0.06 Hayes A response to increased level of feeding
Slope TempHum 0.16 0.07 0.38 Hayes A response to increased temperature-humidity index
Persistency 0.52 0.07 0.17 Pryce Milk yield persistency
ASI 0.90 0.70 0.99 ADHIS Australian selection index
1ADHIS = Australian Dairy Herd Improvement Scheme database; Pryce = Pryce et al. (2010b); Hayes = Hayes et al. (2009).
be significant just by chance given the number of SNP 
tested. This proportion has also been estimated using 
both FDR and rFDR but this time based only on the 
subset of SNP that were significant in the discovery 
data and hence tested in the validation data.
Multiple-Trait Analyses. Analysis of GWAS can 
be computationally intensive, and the first aim of the 
study was to test 2 multivariate methods that are 
simple and fast to apply. When correlated traits are 
analyzed, the sampling errors tend to be correlated and 
this makes the interpretation of the results difficult. For 
instance, it is difficult to distinguish whether the effect 
of an SNP detected in 2 correlated traits is a result 
of the presence of a QTL or the same false discovery 
made twice because of the correlated errors in the 2 
traits. To overcome this problem, 2 different methods 
that generate uncorrelated traits were used: principal 
components (PC) and bivariate analyses in which one 
trait is corrected for the other.
The first approach for multivariate analyses using 
uncorrelated traits was based on PC. Principal com-
ponent analyses were performed on the trait-by-trait 
correlation matrix to convert the set of (correlated) 
traits to a smaller number of linear combinations of un-
correlated variables called PC. The PC were computed 
based on the correlation matrix of deregressed EBV in 
a discovery data set using the statistical package Gen-
Stat (Payne et al., 2007). The 11 traits in Table 1 (not 
including ASI) were used to compute PC. The PC are 
linear combinations of the 11 traits: uk = T′gk, where 
uk is an 11 × 1 vector of PC scores for animal k, gk is 
an 11 × 1 vector of deregressed and standardized EBV 
for animal k, and T is an 11 × 11 matrix of eigenvectors 
such that the variance matrix of the PC Var(T′g) = D, 
a diagonal matrix of eigenvalues. Although 11 PC are 
generated, only the first 5 that explain 71.3% of total 
variance were retained for further analysis.
The scores of each of the 5 PC were used as pheno-
types and analyzed using the same linear model as the 
single traits. An F-statistic for the effect of each SNP 
on each PC was calculated. An approximate F-test 
with 5 numerator degrees of freedom was calculated by 
averaging the 5 F-values for each SNP from the 5 PC 
analyzed (PCt5). This tests the null hypothesis that 
the SNP has no effect on any of the PC. To the extent 
that the first 5 PC capture all the meaningful variance 
of the 11 traits, this also tests the null hypothesis that 
the SNP has no effect on any of the 11 traits. The pur-
pose of the PC analysis was to have a simple method 
of testing this multiple-trait null hypothesis; the PC 
themselves are not of interest.
The SNP that were significant in the multiple-trait 
F-test were tested on PC scores in the validated data 
sets. The PC scores in the validation data sets were 
obtained using the same transformation as in the dis-
covery data set (i.e., using the eigenvectors calculated 
in the discovery data set). The confirmation of an as-
sociation in the validation populations can be made 
more powerful by testing for an effect along the same 
multidimensional axis as found in the discovery popula-
tion. This was done by computing a linear combination 
of the PC scores (s) that maximizes the effect of the 
SNP in the discovery population: s = b′u, where b is a 
vector with element bi = effect of the SNP on the ith 
PC, and u is the same vector of PC score as defined 
above. The corresponding SNP in the validation data 
set was tested for its effect on this new trait (s). A 
second PC analysis was carried out that used only the 
3 milk production traits (milk, fat, and protein yields) 
and retained all 3 PC.
The second bivariate method considered pairs of traits 
that consisted of ASI and 1 other trait. The second 
trait was corrected for ASI using the regression of the 
trait on ASI. That is, an ASI-corrected trait (yc) was 
calculated as yc = y − β(ASI), where β is the regression 
of the trait y on a vector of deregressed EBV of ASI. 
This created a pair of uncorrelated traits, and then the 
probability that the SNP has an effect on one trait is 
independent of the effect on the other trait. Single SNP 
analyses were performed for the traits. The aim here was 
to find SNP that had a significant effect on both traits. 
This procedure can be used in 2 ways: 1) to find SNP 
for ASI based on first screening all SNP for an effect on 
another trait that has been corrected for ASI and then 
testing for their effect on ASI, or 2) to find SNP for 
the second trait based on first screening all SNP for an 
effect on ASI and then testing the significant SNP for 
significance on the other trait. The SNP associations 
discovered in this way in the discovery population were 
then tested in the validation populations.
Pleiotropy. The SNP that are associated with ASI 
are likely to be associated with other milk production 
traits. For each SNP with a significant effect on ASI, 
its effects were examined on 4 other traits corrected for 
ASI (protein yield, fat yield, milk volume, and persis-
tency) and on protein percentage and fat percentage.
Precision of Mapping a QTL. The ability of mul-
tiple-trait analysis to increase the precision with which 
QTL are mapped was examined. The genotyped SNP 
are not expected to be the cause of an effect on the 
trait but merely in LD with the causal polymorphism 
or QTL. It is useful to know how far from the causal 
QTL the significant SNP is likely to be. Because the 
position of the QTL is not known, the distance is not 
directly observable. Instead, the distance between the 
significant SNP in the discovery and validation popula-
tions was calculated. The SNP significant at P < 0.001 
were identified in the discovery data set. If there was 
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more than 1 significant SNP within a specified length 
of interval (in the discovery population), then only the 
most significant SNP was retained because it is likely 
that they are all tracking the same QTL. For each SNP 
retained from the discovery population, the SNP 0 to 
0.5 Mbp, 0.5 to 1.0 Mbp, and up to 4.5 to 5.0 Mbp 
either side of this position were examined in the valida-
tion populations. The number of significant (P < 0.01) 
SNP in the validation data set were counted in these 
intervals. Each interval is 1 Mbp in size because it con-
sists of 0.5 Mbp on either side of the discovery SNP. The 
number of expected and observed SNP within 1-Mbp 
intervals was compared using a chi-squared test. The 
expected number of significant SNP within any 1-Mbp 
interval in the validation data (Pe) is the total number 
of significant SNP divided by the total genome length 
of 2,544 Mbp. Therefore, the expected number (Ne) 
within No 1-Mbp intervals is Ne = No × Pe, where No is 
the number of SNP retained in the discovery data.
RESULTS
PC Analysis
For the traits evaluated by ADHIS, the reliability of 
EBV for the bulls in the discovery data set was greater 
than 0.94 except SCC, for which the reliability was 0.88 
(P. Bowman, Department of Primary Industries, Bun-
doora, Victoria, Australia; personal communication). 
The estimated reliability of the deregressed EBV used 
for the 12 traits is shown in Table 1. The estimated reli-
abilities were high for production traits but low for sen-
sitivity of milk yield to level of feeding and heat stress. 
Out of the 12 traits, the 3 production traits (protein 
yield, fat yield, and milk yield) were highly and posi-
tively correlated with each other (Table 2). Workability 
traits were less correlated, but in a favorable direction, 
with survival and production traits. Eleven traits (not 
including ASI) were used in the PC analysis and the 
first 5 PC, which explain 71.3% of total variance, were 
retained (Table 3).
Genome-Wide Association Results
Single Traits. An analysis of some of these traits 
has already been reported by Pryce et al. (2010a), but 
the number of significant SNP and associated FDR are 
included here for completeness. Table 4 gives the results 
of testing 39,048 SNP for association with each trait and 
with the PC. For protein yield, 169 SNP (169/39,048 
= 0.0043) were significant (P < 0.001) in the discovery 
population, many more than the 39 significant SNP 
expected by chance. Consequently, the FDR is 23% 
[= 0.001 × 0.996/(0.004 × 0.999)]. When these 169 
SNP were tested in the Holstein validation population, 
78.1% (132 SNP) showed an effect on protein yield in 
the same direction as the discovery population, which is 
an rFDR of 44% [= 2 × (169 − 132)/169]. Alternately, 
the number of true associations (M) is 2 × 132 − 169 
= 95. The difference between these 2 estimates of FDR 
(23 vs. 44%) could indicate that the significance test 
in the discovery population is not conservative enough 
or that the validation population, given its small size, 
lacks power to find an effect in the same direction even 
though the association is real.
When these 169 SNP were tested in the Holstein 
validation data set, 60 were significant (P < 0.05). This 
is less than the number of real associations calculated 
(95) because demanding that the effect is significant 
is a more restrictive criterion than merely that it is 
in the same direction and, consequently, more true as-
sociations fail to achieve significance in the validation 
data set. However, even some of these 60 significant 
associations are expected to be false discoveries. When 
169 significance tests are made at a P-value of 0.05, 169 
× 0.05 = 8 significant SNP were expected by chance. In 
fact, 60 out of 169 (36%) were significant (P < 0.05) in 
the validation population for protein, which is an FDR 
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Table 2. Correlations between deregressed EBV in the Holstein discovery data set1 
Item SCC Survival Milking speed Temperament Likeability Protein Fat Milk
Slope  
Feed
Slope  
TempHum Persistency
Survival −0.24           
Milking speed −0.12 −0.23          
Temperament −0.02 −0.23 0.21         
Likeability −0.01 −0.30 0.42 0.75        
Protein 0.06 0.11 −0.02 −0.25 −0.35       
Fat −0.06 0.10 −0.07 −0.14 −0.25 0.49      
Milk 0.04 0.04 0.04 −0.23 −0.32 0.78 0.30     
Slope Feed 0.11 −0.10 −0.11 −0.10 −0.16 0.26 0.11 0.28    
Slope TempHum −0.11 0.08 −0.02 −0.02 −0.01 −0.05 −0.07 −0.07 −0.15   
Persistency −0.01 0.04 −0.04 −0.12 −0.11 0.29 0.14 0.29 −0.03 0.10  
ASI 0.02 0.14 −0.08 −0.20 −0.30 0.83 0.77 0.40 0.17 −0.05 0.20
1Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; ASI = Australian 
selection index.
among these 60 of 9.6%. Also, an rFDR can be esti-
mated as 17% among these 60 significant SNP based on 
the fact that, within these 60 SNP, 91.7% had an effect 
in the same direction in both data sets (Table 4).
Of the 12 traits, those with low reliabilities of their 
EBV had the highest FDR, the lowest number of SNP 
confirmed in the validation sample, and a high propor-
tion of false discoveries even among these confirmed 
SNP. When the significant SNP for the 3 production 
traits were combined, there were 433 unique SNP sig-
nificant (P < 0.001) in the discovery population (Table 
4).
PC. When the effect of the SNP was tested across 
the 5 PC derived from all 11 traits, there were 139, 
81, 69, 121, and 62 SNP significant for the first 5 PC. 
When the 5 PC were combined and a single significance 
test was performed (PC5t), 204 SNP were significant 
in the discovery population (FDR = 19.1%). This and 
the other statistics for PCt5 are similar to those for the 
production traits despite the fact that these PC contain 
information from the other 8 traits, which show much 
higher FDR. When only the 3 production traits are 
used to calculate PC (PCt3), 514 SNP are significant 
in the combined F-test in the discovery population 
(FDR = 7.5%; Table 4). This is confirmed by the high 
proportion (86.1%) of 514 SNP with an effect in the 
same direction in the Holstein validation population. 
In fact, 193 of the 514 SNP were significant (P < 0.05) 
in the Holstein validation population. Further, 97.9% 
of these 193 SNP have an effect in the same direction 
in the discovery and validation populations (Table 4), 
indicating that most of these 193 associations are not 
attributable to chance.
The results of testing the significant SNP in the Jer-
sey population are shown in Table 4. The number of 
SNP tested is slightly less than in the Holstein valida-
tion population because some SNP were monomorphic 
in Jerseys. The proportion of these SNP with an effect 
in the same direction in Jerseys as in Holsteins was ap-
proximately 50% for all traits. This is not surprising be-
cause the phase of LD is likely to be different in Jerseys 
than in Holsteins (de Roos et al., 2008) at the marker 
spacing used in this study. Therefore, it is not expected 
that the same SNP allele will consistently be associated 
with increased ASI in both Jerseys and Holsteins. How-
ever, very few of the SNP significant in Holsteins were 
also significant in Jerseys. For most traits the number 
was no more than expected by chance. For production 
traits, slightly more SNP were significant than was ex-
pected by chance. In particular, for the combined effect 
of the SNP on the 3 PC calculated from milk, fat, and 
protein, 95 out of 491 SNP were significant in Jerseys 
compared with 193 out of 514 in Holsteins. For ASI, 
more SNP were significant in the Jersey validation set 
(40) than in the Holstein validation set (27). However, 
this is the only case where this occurred and is prob-
ably the result of sampling variation.
Bivariate Analyses. The rationale for the bivariate 
analyses is that an SNP is unlikely to be significantly 
associated with 2 uncorrelated traits by chance alone. 
However, if an SNP is in LD with a QTL that affects 
both traits (because of pleiotropy), the SNP will show 
an association with both traits. Therefore, SNP that 
have a significant association with 2 uncorrelated traits 
are more likely to have a true association with a QTL 
than SNP discovered by a single-trait analysis. Tables 
5 and 6 show the result of testing this hypothesis. The 
probability of finding the same SNP significant when 
tested for its effect on each trait independently at P 
< 0.03 for 2 independent traits is P < 0.0009 ≈ 0.001. 
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Table 3. Summary of the principal components (PC) in the Holstein discovery data set 
Item1
First 5 PC calculated from 11 traits PC calculated from 3 traits
PC1 PC2 PC3 PC4 PC5 PC1 PC2 PC3
Eigenvalue 2.84 1.70 1.41 1.05 0.85  2.08 0.74 0.19
Cumulative variation 25.8 41.2 54.1 63.6 71.3  69.2 93.7 100
Direction of vectors          
 SCC 0.03 −0.27 −0.39 −0.60 0.28     
 Survival 0.18 0.46 0.09 0.37 0.03     
 Milking speed −0.20 −0.29 0.45 0.03 0.11     
 Temperament −0.39 −0.31 0.16 0.17 −0.15     
 Likeability −0.47 −0.29 0.20 0.08 −0.06     
 Slope Feed 0.23 −0.34 −0.25 0.06 −0.57     
 Slope TempHum −0.06 0.33 0.26 −0.41 −0.69     
 Persistency −0.10 0.27 0.42 −0.45 0.25     
 Protein 0.46 −0.24 0.32 −0.09 0.01  −0.46 0.86 0.21
 Fat 0.32 −0.12 0.24 0.26 0.16  −0.60 −0.48 0.64
 Milk 0.42 −0.28 0.32 −0.14 −0.05  −0.64 −0.17 −0.74
No. of SNP (P < 0.001) 139 81 69 121 62  145 204 370
1Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; no. of SNP = 
number of significant SNP in the discovery data set.
For example, 2,026 SNP were significant (P < 0.03) for 
protein corrected for ASI in the discovery population 
and, of these, 212 were also significant (P < 0.03) for 
ASI. Because 2,026 × 0.03 = 61 would be expected by 
chance, the FDR among these 212 SNP is estimated to 
be 27%: 
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This FDR is worse than the 20% reported in Table 
4 when ASI alone was examined using a significance 
level of 0.001. Of these 212 SNP, 81.6% had an effect 
in the same direction for ASI as the Holstein validation 
population, which implies an rFDR of 37%. In fact, 27 
of these SNP were significantly associated with ASI (P 
< 0.05) in the Holstein validation population and 42 in 
the Jersey validation population compared with 27 and 
40, respectively, for the 191 SNP selected only on ASI 
(Table 4). Similar results were obtained for milk and 
fat but for other traits the bivariate strategy failed to 
find as many validated SNP for ASI as the single-trait 
analysis. This may be because relatively few SNP had 
significant effects on both ASI and another trait. For 
instance, at P < 0.03, 2,277 SNP were significant for 
ASI and 2,194 for SCC corrected for ASI, and 101 for 
both. Because 39,048 SNP were tested, it is expected 
that 2,194 × 2,277/39,048 = 128 would be significant 
for both even if there was no tendency for SNP to affect 
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Table 4. Number and false discovery rate of SNP in the discovery data set (P < 0.001) and proportion of the SNP effects with same direction 
in the Holstein and Jersey validation data sets1 
Trait2
Significant in discovery population3 Significant in discovery and validation populations4
No. of  
SNP FDR, % Same, % rFDR, %
No. of  
SNP FDR, % Same, % rFDR, %
Holsteins          
 SCC 138 28.2 61.6 76.8  9 75.4 77.8 44.4
 Survival 104 37.5 66.3 67.3  8 63.2 100.0 0.0
 Milking speed 61 64.0 63.9 72.1  8 34.9 62.5 75.0
 Temperament 74 52.7 55.4 89.2  2 189.5 100.0 0.0
 Likeability 77 50.7 51.9 96.1  4 96.1 100.0 0.0
 Protein 169 23.0 78.1 43.8  60 9.6 91.7 16.7
 Fat 167 23.3 78.4 43.1  56 10.4 100.0 0.0
 Milk 229 17.0 85.6 28.8  109 5.8 97.2 5.5
 Slope Feed 77 50.7 64.9 70.1  6 62.3 83.3 33.3
 Slope TempHum 18 217.1 33.3 NA5  0 NA NA NA
 Persistency 68 57.4 63.2 73.5  7 45.9 28.6 NA
 ASI 191 20.4 77.5 45.0  27 32.0 100.0 0.0
 PCt5 204 19.1 76.5 47.0  32 28.3 100.0 0.0
 PCt3 514 7.5 86.1 27.8  193 8.8 97.9 4.2
 3 production traits 433 21.1 80.7 38.6  151 8.6 96.3 7.4
Jerseys          
 SCC 134 27.5 51.5 97.0  7 95.5 71.4 57.1
 Survival 99 37.3 51.5 97.0  3 168.4 0.0 NA
 Milking speed 53 69.7 43.4 NA  2 134.2 0.0 NA
 Temperament 71 52.0 39.4 NA  2 181.6 100.0 0.0
 Likeability 73 50.6 71.2 57.5  4 90.8 25.0 NA
 Protein 161 22.9 51.6 96.9  8 100.7 75.0 50.0
 Fat 161 22.9 49.1 NA  19 39.3 68.4 63.2
 Milk 216 17.0 47.2 NA  28 35.3 42.9 NA
 Slope Feed 73 50.6 45.2 NA  5 71.6 60.0 80.0
 Slope TempHum 18 205.5 44.4 NA  1 89.5 0.0 NA
 Persistency 66 56.0 51.5 97.0  3 110.5 100.0 0.0
 ASI 181 20.3 56.9 86.2  40 18.6 45.0 NA
 PCt5 194 19.0 44.3 NA  13 73.3 53.8 92.4
 PCt3 491 7.4 51.3 97.4  95 21.9 46.3 NA
1No. of SNP = number of SNP selected at different thresholds; FDR = false discovery rate; same = SNP having same direction in the validation 
data set as in the discovery data set; rFDR = released false discovery rate.
2Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; ASI = Australian 
selection index; PCt5 = first 5 principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
3Single nucleotide polymorphisms significant (P < 0.001) for the specified trait in the discovery data set. 
4Significant SNP for the specified trait (P < 0.001) in the discovery data set were significant (P < 0.05) in the validation data set. 
5NA = not applicable.
both traits. However, the low power to detect SNP for 
many of the nonproduction traits make them less useful 
for identifying SNP with an effect on ASI.
Table 5 shows the results of selecting SNP that were 
significant for ASI and in 1 of the 2 PC analyses. Be-
cause the PC are not independent from ASI, it is not 
surprising that many SNP were significant for the PC 
and for ASI. However, of the 1,080 SNP discovered 
using the 3 trait PC, 101 were significant for ASI in 
the Holstein validation population and 119 out of 1,021 
tested were significant in the Jersey population. Of the 
101 significant in both Holstein populations, 91.1% have 
an effect in the same direction, giving rFDR of 17.8%. 
In Jerseys the proportion of SNP with an effect in the 
same direction is approximately 50%, again presum-
ably because the linkage phase between the SNP and 
the causal mutation is not preserved from Holstein to 
Jersey even though the causal mutation may segregate 
in both breeds.
Among the 212 SNP that were significant for ASI 
and for protein corrected for ASI in the discovery 
population, 27 had a significant association with ASI in 
the Holstein validation population. By coincidence, 27 
SNP were also significantly associated with ASI in the 
Holstein validation population out of the 191 signifi-
cant for ASI (P < 0.001) in the discovery population. 
However, these 2 sets of 27 SNP were not the same. 
For instance, of the 212 SNP, 67 were also included 
in the 191 that were SNP significant for ASI only and 
the remaining 145 (= 212 − 67) were not among these 
191 SNP (Table 7). Of the 145, 17 were significant in 
the Holstein validation population and these were new 
confirmed SNP not included in the 27 significant in the 
Holstein validation population after discovery on ASI 
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Table 5. Single nucleotide polymorphisms significant for ASI after testing only those SNP significant for each trait corrected for Australian 
selection index (ASI)1 
Trait2
A3 B4 C5
No. of  
SNP
No. of  
SNP
FDR,  
%
Same,  
%
rFDR,  
%
No. of  
SNP
FDR,  
%
Same,  
%
rFDR,  
%
Holsteins          
 SCC 2,194 101 64.1 60.4 79.2 11 43.1 100.0 0.0
 Survival 1,720 94 53.5 67.0 66.0 5 93.7 80.0 40.0
 Milking speed 1,702 109 45.2 75.2 49.5 16 30.6 93.8 12.5
 Temperament 1,695 78 64.1 57.7 84.6 9 40.4 66.7 66.7
 Likeability 1,668 89 54.9 80.9 38.2 13 30.8 100.0 0.0
 Protein 2,026 212 26.5 81.6 36.8 27 36.1 85.2 29.6
 Fat 2,037 167 34.6 72.5 55.1 27 27.3 100.0 0.0
 Milk 2,378 238 27.8 79.8 40.3 35 30.5 88.6 22.9
 Slope Feed 1,439 82 51.2 61.0 78.0 8 48.7 87.5 25.0
 Slope TempHum 969 45 63.5 57.8 84.4 2 113.2 100.0 0.0
 Persistency 1,438 188 20.6 76.1 47.9 25 34.3 96.0 8.0
 PCt5 2,462 402 15.8 66.4 67.2 32 60.9 90.6 18.8
 PCt3 3,142 1,080 5.9 70.0 60.0 101 51.0 91.1 17.8
Jerseys          
 SCC 2,194 97 69.5 46.4 NA6 7 67.7 57.1 85.7
 Survival 1,720 89 76.0 57.3 85.4 15 26.0 53.3 93.3
 Milking speed 1,702 100 67.3 55.0 90.0 14 32.3 35.7 NA
 Temperament 1,695 75 90.8 44.0 NA 2 192.1 NA NA
 Likeability 1,668 80 84.9 45.0 NA 2 205.3 NA NA
 Protein 2,026 206 31.1 45.6 NA 42 20.6 40.5 NA
 Fat 2,037 159 41.2 45.3 NA 17 44.0 29.4 NA
 Milk 2,378 230 27.5 46.1 NA 48 20.0 43.8 NA
 Slope Feed 1,439 78 87.2 46.2 NA 4 97.4 25.0 NA
 Slope TempHum 969 44 157.0 34.1 NA 3 71.9 33.3 NA
 Persistency 1,438 179 36.2 50.8 98.3 42 17.2 42.9 NA
 PCt5 2,462 377 15.6 53.3 93.4 36 49.9 50.0 100.0
 PCt3 3,142 1,021 3.8 41.9 NA 119 39.9 45.4 NA
1No. of SNP = number of SNP selected at different thresholds; FDR = false discovery rate; same = SNP having same direction in the validation 
data set as in the discovery data set; rFDR = released false discovery rate.
2Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; PCt5 = first 5 
principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
3Single nucleotide polymorphisms significant (P < 0.03) for the specified trait in the discovery data set.
4Significant SNP (P < 0.03) for ASI in the discovery data set that were significant (P < 0.03) for the specified trait in the discovery data set.
5Single nucleotide polymorphisms in B that were significant (P < 0.05) for ASI alone in the validation data set.
6NA = not applicable.
alone (Table 7). Therefore, the bivariate approach did 
add to the number of SNP discovered for ASI without 
greatly increasing the FDR.
Table 6 shows the results of the bivariate strategy for 
identifying SNP that were associated with other traits 
based on first screening for a significant effect on ASI. 
For instance, out of the 212 SNP that were significant 
for the bivariate analysis of ASI and protein corrected 
for ASI in the discovery population, 95 were significant 
for protein corrected for ASI in the Holstein validation 
and 61 in the Jerseys. This can be compared with the 
60 and 8 SNP in the Holstein and Jersey validation 
populations, respectively, when SNP were discovered 
based on protein alone (Table 4). Table 8 shows that 
of the 95 SNP discovered and confirmed in Holsteins 
for protein corrected for ASI, 84 were not discovered 
using protein alone. However, although these 84 SNP 
were significant for protein corrected for ASI, only 3 
were significant for protein itself in the Holstein valida-
tion population. This reflects the fact that protein and 
ASI are highly correlated; therefore, protein corrected 
for ASI is a very different trait than protein. Because 
ASI comprises milk, fat, and protein, protein corrected 
for ASI could be linked to either fat synthesis or milk 
volume.
This marked difference is not apparent for all traits. 
For instance, the bivariate analysis discovered and con-
firmed 10 SNP for SCC (Table 8) that were not among 
the 9 discovered and confirmed using SCC only (Table 
4).
Patterns of Pleiotropy
There were 829 SNP in the HF discovery, 473 in the 
HF validation, and 472 in the Jersey data sets, which 
were significant at P < 0.03 for ASI as well as for 1 or 
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Table 6. Single nucleotide polymorphisms significant for each trait not corrected for Australian selection index (ASI) after testing only those 
SNP significant for ASI1 
Trait2
A3 B4 C5
No. of  
SNP
No. of  
SNP
FDR,  
%
Same,  
%
rFDR,  
%
No. of  
SNP
FDR,  
%
Same,  
%
rFDR,  
%
Holsteins          
 SCC 2,277 101 66.6 70.3 59.4 11 43.1 81.8 36.4
 Survival 2,277 94 71.8 59.6 80.9 6 77.2 83.3 33.3
 Milking speed 2,277 109 61.5 58.7 82.6 17 28.5 82.4 35.3
 Temperament 2,277 78 87.2 53.8 92.3 3 131.6 0.0 NA6
 Likeability 2,277 89 76.0 52.8 94.4 5 88.4 40.0 NA
 Protein 2,277 212 30.1 83.0 34.0 95 6.5 94.7 10.5
 Fat 2,277 167 39.1 79.0 41.9 35 19.8 94.3 11.4
 Milk 2,277 238 26.5 82.8 34.5 130 4.4 98.5 3.1
 Slope Feed 2,277 82 82.8 57.3 85.4 2 210.5 100.0 0.0
 Slope TempHum 2,277 45 153.4 71.1 57.8 1 231.6 100.0 0.0
 Persistency 2,277 188 34.4 73.4 53.2 12 77.2 66.7 66.7
 PCt5 2,277 402 14.4 67.7 64.7 39 49.0 97.4 5.2
 PCt3 2,277 1,080 3.4 66.9 66.2 136 36.5 93.4 13.2
Jerseys          
 SCC 2,277 97 66.9 55.7 88.7 4 122.4 50.0 100.0
 Survival 2,277 89 56.7 58.4 83.1 5 88.4 80.0 40.0
 Milking speed 2,277 100 49.5 50.0 100.0 8 60.5 50.0 100.0
 Temperament 2,277 75 66.8 50.7 98.7 3 126.3 33.3 NA
 Likeability 2,277 80 61.4 53.8 92.5 3 135.1 66.7 66.7
 Protein 2,277 206 27.3 55.3 89.3 61 12.5 41.0 NA
 Fat 2,277 159 36.5 51.6 96.9 19 38.8 36.8 NA
 Milk 2,277 230 28.9 51.7 96.5 74 11.1 45.9 NA
 Slope Feed 2,277 78 54.0 51.3 97.4 7 53.4 57.1 85.7
 Slope TempHum 2,277 44 65.0 36.4 NA 2 110.5 50.0 100.0
 Persistency 2,277 179 21.8 42.5 NA 7 129.3 42.9 NA
 PCt5 2,277 377 17.1 53.1 93.8 23 81.0 56.4 87.2
 PCt3 2,277 1,021 6.4 49.2 NA 118 40.3 46.6 NA
1No. of SNP = number of SNP selected at different thresholds; FDR = false discovery rate; same = SNP having same direction in the validation 
data set as in the discovery data set; rFDR = released false discovery rate.
2Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; PCt5 = first 5 
principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
3Single nucleotide polymorphisms significant (P < 0.03) for ASI in the discovery data set.
4Significant SNP (P < 0.03) for the specified trait in the discovery data set that were significant (P < 0.03) for ASI in the discovery data set.
5Single nucleotide polymorphisms in B that were significant (P < 0.05) for the specified trait alone in the validation data set.
6NA = not applicable.
more of the 6 traits (4 traits corrected for ASI and un-
corrected protein percentage and fat percentage), giving 
a total of 1,774 (= 829 + 473 + 472) different SNP × 
data set combinations (cases). These 1,774 cases were 
grouped into 27 different pleiotropic patterns based on 
the direction of the effect of the SNP on each of the 
4 traits (Table 9). Because the choice of a base allele 
is arbitrary, it has been chosen for each SNP so that 
the effect on ASI is positive. Table 9 shows that the 
most common pattern, accounting for 504 of the 1,774 
cases, is one in which the SNP allele that increases ASI 
decreases protein, fat, milk, and persistency corrected 
for ASI but increases protein and fat percentages. The 
next most common 3 patterns are similar to the first 
except that the effect on fat or persistency or both is 
positive but seldom significant. Thus, in the 4 most 
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Table 7. Number of extra SNP revealed by screening Australian selection index (ASI) on corrected trait 
Trait1
A2 B3 Adv
4 C5
No. of  
SNP
No. of  
SNP
No. of SNP  
present in A
No. of  
extra SNP
No. of  
SNP
No. of  
SNP
No. of SNP  
present in Adv
No. of  
extra SNP
SCC 191 101 6 95 27 11 1 10
Survival 191 94 14 80 27 5 2 3
Milking speed 191 109 22 87 27 16 9 7
Temperament 191 78 2 76 27 9 1 8
Likeability 191 89 4 85 27 13 0 13
Protein 191 212 67 145 27 27 10 17
Fat 191 167 20 147 27 27 6 21
Milk 191 238 80 158 27 35 15 20
Slope Feed 191 82 1 81 27 8 0 8
Slope TempHum 191 45 5 40 27 2 0 2
Persistency 191 188 79 109 27 25 14 11
PCt5 191 402 65 337 27 32 8 24
PCt3 191 1,080 191 889 27 101 27 74
1Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; PCt5 = first 5 
principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
2Single nucleotide polymorphisms significant (P < 0.001) for ASI in the discovery data set. 
3Significant SNP (P < 0.03) for ASI in the discovery data set that were significant (P < 0.03) for the corrected trait in the discovery data set.
4Significant SNP for ASI (P < 0.001) in the discovery data set that were significant (P < 0.05) in the validation data set.
5Single nucleotide polymorphisms in B that were also significant (P < 0.05) for the corrected trait alone in the validation data set.
Table 8. Number of extra SNP revealed by screening uncorrected trait on Australian selection index (ASI) 
Trait1
A2 B3 Adv
4 C5
No. of  
SNP
No. of  
SNP
No. of SNP  
present in A
No. of  
extra SNP
No. of  
SNP
No. of  
SNP
No. of SNP  
present in Adv
No. of  
extra SNP
SCC 138 101 4 97 9 11 1 10
Survival 104 94 9 85 8 6 3 3
Milking speed 61 109 9 100 8 17 0 17
Temperament 74 78 6 72 2 3 0 3
Likeability 77 89 13 76 4 5 1 4
Protein 169 212 35 177 60 95 11 84
Fat 167 167 61 106 56 35 8 27
Milk 229 238 34 204 109 130 15 115
Slope Feed 77 82 8 74 6 2 0 2
Slope TempHum 18 45 0 45 0 1 0 1
Persistency 68 188 16 172 7 12 1 11
PCt5 204 402 36 366 32 39 6 33
PCt3 514 1,080 232 848 193 136 68 68
1Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; PCt5 = first 5 
principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
2Single nucleotide polymorphisms significant (P < 0.001) for the uncorrected trait in the discovery data set. 
3Significant SNP (P < 0.03) for the corrected trait in the discovery data set that were significant (P < 0.03) for ASI in the discovery data set.
4Significant SNP for the uncorrected trait (P < 0.001) in the discovery data set that were significant (P < 0.05) in the validation data set.
5Single nucleotide polymorphisms in B that were also significant (P < 0.05) for the uncorrected trait alone in the validation data set.
common pleiotropic patterns, the allele that increases 
ASI decreases milk and protein corrected for ASI and 
increases fat and protein percentages.
To help interpret these pleiotropic patterns, Table 
10 divides the cases in the first 4 patterns according 
to their effect on uncorrected milk, fat, and protein. 
In each case there are 2 subpatterns or types: one in 
which the allele that increases ASI also increases milk, 
fat, and protein and one in which it increases fat and 
protein but decreases milk. The subpattern in which 
milk volume is decreased is the more common and the 
decrease is often significant, whereas the increase in 
milk yield is only significant in 1 case. Thus, these 4 
patterns are characterized by increasing protein and fat 
with constant or decreasing milk so that fat and pro-
tein percentages increase. Because ASI has a negative 
weighting for milk, this causes ASI to increase more 
than fat or protein and therefore fat and protein cor-
rected for ASI decline. The 4 patterns differ mainly in 
the extent to which fat increases: in patterns 2 and 4 
fat increases faster than expected for the effect on ASI 
and may in some cases be the main contributor to the 
increase in ASI.
Patterns 5, 11, and 12 are similar to patterns 1 through 
4 except that protein corrected for ASI increases. In 
this case, the increase in ASI is largely driven by an 
increase in protein yield with little or no increase in 
milk and hence an increase in protein percentage.
Patterns 6 through 10 and 13 show increases in milk 
and protein corrected for ASI and decreases in percent-
ages of fat and protein. These are SNP where the allele 
that increases ASI increases milk more than protein 
and especially more than fat. These patterns were more 
common in Jerseys than in Holsteins.
Precision of Mapping QTL
The potential advantage of multiple-trait analyses 
to position the QTL more precisely than single-trait 
analyses was also investigated. For each trait, the 
number of significant SNP in the validation popula-
tion clustered around the position of a significant SNP 
in the discovery population was examined. First, the 
set of significant (P < 0.001) SNP in the discovery 
population was reduced by retaining only the most sig-
nificant SNP within any 1-Mbp interval. For instance, 
this reduced the number of significant SNP from 138 
to 99 for SCC (Table 11). Then, the significant (P < 
0.01) SNP in the validation population were counted 
within 0.5 Mbp of each significant discovery SNP (e.g., 
28 for SCC in Table 11). Table 11 shows the number 
of significant SNP within each of ten 1-Mbp intervals 
surrounding each discovery SNP. For most traits this 
number declines as the distance from the discovery 
SNP is increased. For instance, for fat yield there are 
67 validation SNP within 0.5 Mbp of a discovery SNP, 
51 within 0.5 to 1 Mbp, 47 within 1 to 1.5 Mbp, and 
so on (Table 11). Only for traits in which the ability to 
validate SNP was very weak, such as sensitivity of milk 
yield to level of heat stress, was there a tendency for the 
number of significant SNP to decrease as the distance 
from the position of the discovery SNP increased. The 
number of significant validation SNP per megabase can 
be compared with the number expected by chance. For 
instance, for SCC there were 549 significant SNP in the 
validation population in a total genome length of 2,544 
Mbp; therefore, 549/2,544/Mbp was expected. The to-
tal number of SNP in ninety-nine 1-Mbp intervals was 
counted. Therefore, 99 × 549/2,544 = 21 were expected 
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Table 9. Pleiotropic patterns affecting Australian selection index (ASI), fat percentage, protein percentage, and other 4 traits corrected for 
ASI 
Pleiotropic  
pattern no.
Direction of SNP effects for traits in each pattern1 No. of pleiotropic patterns2
ASI Protein Fat Milk Persistency Fat % Protein % HF dis HF val J val All
1 + − − − − + +  289 121 94 504
2 + − + − − + +  198 81 55 334
3 + − − − + + +  63 93 68 224
4 + − + − + + +  62 69 59 190
5 + + − − − + +  35 11 19 65
6 + + − + − − −  22 8 35 65
7 + + + + + − −  16 12 24 52
8 + + + + − − −  9 6 34 49
9 + + − + − − +  23 8 6 37
10 + + − + + − +  11 7 14 32
11 + + − − − − +  12 10 3 25
12 + + − − + + +  13 6 6 25
13 + + − + + − −  7 6 12 25
1Single nucleotide polymorphisms significant for ASI (P < 0.03) are significant (P < 0.03) for 1 or more of the 6 traits (4 traits corrected for ASI 
and uncorrected protein percentage and fat percentage) and the direction of SNP effects for the traits that are included in each global pleiotropic 
pattern denoted as + or − [compared with the direction of ASI QTL effect (+), SNP effects having same (+) or opposite (−) directions].
2HF = Holstein-Friesian; J = Jersey; dis = discovery data set; val = validation data set.
within a 1-Mbp interval containing the discovery SNP. 
As Table 11 shows, the number within 0.5 Mbp of the 
discovery SNP is usually greater than expected by 
chance, but the number in the interval 4.5 to 5.0 Mbp 
from a discovery SNP is often no more than expected 
by chance.
Table 11 also shows the PC analyses of 11 traits and 
of 3 traits. The results are similar to those observed 
for traits such as milk volume, fat, and protein yields, 
which show the greatest clustering of significant vali-
dation SNP around discovery SNP (chi-squared, P < 
0.001).
DISCUSSION
The results from the single-trait analyses showed that 
for traits in which the phenotype (i.e., the deregressed 
EBV) had a low relative proportion of genetic variance 
relative to phenotypic variance (e.g., reliability of the 
deregressed EBV), few significant SNP were detected, 
in some cases no more than expected by chance. This 
is because either the true heritability was low (e.g., sur-
vival) or there were few daughters contributing to the 
EBV. For the traits that relied on a random regression 
on production level or temperature or stage of lacta-
tion, there is less genetic variance and consequently 
the EBV have low reliability. In particular, sensitivity 
to heat stress shows little variation under Australian 
conditions and therefore it is not surprising that no 
convincing SNP associations were found. By contrast, 
the milk production trait EBV had high reliability and 
many confirmed associations were detected with SNP.
In the Holstein validation population, the proportion 
of SNP that had an effect in the same direction as in 
the Holstein discovery population was more than 0.5 
for most traits. In the Jersey validation population, this 
proportion was around 0.5 for all traits. This does not 
necessarily indicate that the QTL, discovered in Hol-
steins, do not segregate in Jerseys, but could indicate 
that the phase of LD between an SNP and a QTL is not 
preserved between Jerseys and Holsteins (de Roos et al., 
2008). For most traits, the number of SNP discovered 
in Holsteins that were significant in Jerseys was less 
than the number significant in the Holstein validation 
population. This may indicate that these QTL explain 
less variance in Jerseys than Holsteins because of a 
lower minor allele frequency.
In GWAS it is often useful to have a validation 
population that is not closely related to the discovery 
population, and in this study the Jersey population was 
a useful validation population. Validation within Hol-
steins might be criticized because the Holsteins in the 
validation population are related (e.g., offspring or grand 
offspring) to the Holsteins in the discovery population. 
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This criticism cannot be made of the Jersey validation 
population. The 3 trait PC analysis confirmed that 95 
SNP discovered in Holsteins as significant in Jerseys. 
This indicates that at least some of the QTL segregat-
ing in Holsteins are also segregating in Jerseys.
Two estimates of the FDR (FDR and rFDR) were 
compared. In most cases the rFDR was lower than the 
FDR, perhaps because the effects of some SNP are very 
small and sampling error can cause the estimated effects 
to be in opposite directions in the discovery and valida-
tion data sets. The rFDR was not useful in the Jersey 
validation data because, as pointed out previously, LD 
phase is not the same in Holsteins and Jerseys.
Principal component and other multivariate analyses 
have been used to detect QTL with linkage mapping 
(Chase et al., 2002; Stearns et al., 2005; Musani et al., 
2006). These methods have been reported to increase 
power. Here, a PC analysis on the (co)variance matrix 
among the traits was performed, and then the GWAS 
was conducted on the PC. This study shows that the 
power of the multiple-trait analysis conducted in this 
way was approximately as high as that of the single-
trait analyses for the production traits. However, a PC 
analysis that used only the 3 production traits con-
firmed more SNP in the Jersey validation than for any 
single trait (Table 4).
One interpretation might be that the inclusion of 
traits with low reliability in the PC analysis decreased 
the power. Principal components were used in this 
study to identify SNP that had an effect on multivariate 
phenotypes (PCt5 and PCt3). Therefore, QTL for the 
first 5 or 3 PC are not discussed individually; instead, 
the total PC (PC5t or PCt3) were investigated and 
compared with the results from single-trait analysis. 
Further, Stearns et al. (2005) pointed out that the 
relative advantage of multivariate over the univariate 
approaches varied with the level of genetic covariance 
between traits. Among the 11 traits that were analyzed, 
there are many low correlations and this may have also 
reduced the benefits from a multivariate approach.
It is normal practice in PC analysis to retain only the 
PC with eigenvalue >1. One additional PC was retained 
to capture more of the total variance. The decision to 
keep only 5 PC from the 11 trait analysis was based 
on the assumption that the remaining variance would 
be largely noise because the remaining PC had small 
eigenvalues (<0.8). However, it appears that applying 
this decision means that some of the genetic variance 
of important traits is lost. For instance, only 11 of the 
191 significant SNP for ASI were also significant at P 
< 0.001 for PCt5. By contrast, the PC analysis of only 
the 3 production traits, where all 3 PC were retained, 
found 116 of these 191 SNP significant at P < 0.001.
Also, a bivariate approach in which ASI and 1 other 
trait were analyzed together was investigated. One 
purpose of these analyses was to find SNP significantly 
associated with ASI that were not significant when ASI 
was analyzed alone. Generally, more significant SNP 
were not identified using a bivariate analysis for ASI 
than when the univariate analysis was used. However, 
the significant SNP found using the bivariate analysis 
had an FDR similar to the univariate analysis (Table 
5) and there were often nonsignificant SNP in the uni-
variate analysis (Table 7). Alternatively, the bivariate 
analysis could be considered as a method for finding 
SNP associated with a second trait by first screening 
all the SNP for those that were significant for ASI. This 
was most beneficial for traits with low reliable EBV in 
which the univariate analysis found few confirmed as-
sociations. For instance, the univariate analysis of SCC 
found only 7 SNP confirmed in the Holstein validation 
population (Table 4) but the bivariate method found 
11, 10 of which had not been found in the univariate 
analysis (Table 7).
Australian selection index is an economic index of 
milk production traits. Selection is often practiced on 
an index of several traits and therefore the following 
question arises: “Should SNP associated with the index 
be discovered directly by an analysis of the index, or 
should they be discovered by analysis of the contribut-
ing traits?” The results here suggest the use of both 
approaches if there is a subsequent validation of the 
SNP discovered. In fact, when the PC analysis of the 3 
traits was used as a screen to identify SNP associated 
with ASI, 74 additional SNP were identified for ASI 
that were confirmed in the Holstein validation popula-
tion (Table 7).
For SNP associated with ASI, the pattern of pleio-
tropic effects was investigated on other traits. There 
are 3 main patterns of pleiotropic effects. The first and 
most common pattern is an increase in protein yield 
combined with a decrease or no change in milk yield 
so that protein percentage increases. The SNP showing 
this pattern probably can be divided into 2 groups: 
those in which the increase in ASI is mainly attributed 
to increasing protein and those in which it is mainly at-
tributed to decreasing milk volume. The third group of 
SNP achieves an increase in ASI by increasing protein 
but not as much as milk so that protein percentage 
declines. This type of SNP is more common in Jerseys 
than in Holsteins. There is a fourth group of SNP in 
which the increase in ASI is mainly driven by an in-
crease in fat yield and, hence, fat percentage increases. 
These 4 groups roughly correspond to the 4 types of 
QTL found using linkage mapping by Chamberlain et 
al. (2005). These authors interpreted them as genes that 
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Table 11. Number of SNP in the Holstein-Friesian discovery data set (HF dis; P < 0.001) and the HF validation data set (HF val; P < 0.01), the expected and observed number 
of SNP in each 1-Mbp interval, and number of significant SNP in 10 different intervals in the HF validation data set 
Item1
No. of SNP2
Overlaps3
Ne of SNP  
in 1-Mbp  
interval4
No. of significant SNP5
HF dis  
(P < 
0.001)
HF val  
(P < 0.01)
Reduced HF 
dis  
(P < 0.001)
0–0.5  
Mbp
0.5–1  
Mbp
1–1.5  
Mbp
1.5–2  
Mbp
2–2.5  
Mbp
2.5–3  
Mbp
3–3.5  
Mbp
3.5–4  
Mbp
4–4.5  
Mbp
4.5–5  
Mbp Total
SCC 138 549 99 1 21 28 18 21 19 20 21 33 17 19 16 212
Survival 104 396 72 2 11 13 9 7 8 10 10 10 12 5 5 89
Milking speed 61 496 47 2 9 21*** 20 25 15 20 11 18 21 15 23 189
Temperament 74 598 58 0 14 9 7 9 11 16 12 10 4 12 13 103
Likeability 77 564 63 0 14 13 18 12 13 6 16 14 19 20 15 146
Protein 169 573 73 5 16 46*** 41 31 47 34 37 37 26 29 30 358
Fat 167 576 90 8 20 67*** 51 47 45 36 35 29 30 23 24 387
Milk 229 729 113 17 32 159*** 104 117 111 82 106 95 102 75 108 1,059
Slope Feed 77 434 53 0 9 12 10 11 7 9 5 9 5 8 9 85
Slope TempHum 18 323 16 0 2 2 2 0 4 2 3 4 4 5 1 27
Persistency 68 486 48 0 9 11 11 10 10 7 3 6 6 9 3 76
ASI 191 618 106 3 26 42** 25 25 32 20 23 26 27 33 22 275
PCt5 204 588 115 3 27 30 29 17 27 18 21 23 18 16 37 236
PCt3 514 717 221 32 153 252*** 213 192 188 167 172 177 177 149 163 1,850
1Slope Feed = a response to increased level of feeding; Slope TempHum = a response to increased temperature-humidity index; ASI = Australian selection index; PCt5 = first 5 
principal components (PC) calculated from 11 traits; PCt3 = PC calculated from 3 traits.
2No. of SNP, HF dis (P < 0.001) = number of significant SNP at P < 0.001 in the HF dis population; no. of SNP, HF val (P < 0.01) = number of significant SNP at P < 0.01 in 
the HF val population; no. of SNP, reduced HF dis (P < 0.001) = number of significant SNP at P < 0.001 in the HF discovery population excluding the 1-Mbp intervals, which 
do not include any significant SNP.
3Overlaps = significant SNP at same position in HF dis (reduced) and HF val data sets. 
4Expected number of SNP within one 1-Mbp interval [0.5 Mbp on either side of each of significant SNP (P < 0.001) in discovery data set].
5The SNP that were significant in the discovery population were examined in the validation population by counting all SNP that were significant on either side of the SNP tested. 
The intervals tested were 0–0.5 Mbp, 0.5–1.0, and up to 4.5–5.0. 
***Significant at P < 0.001 of χ2; **significant at P < 0.01 of χ2.
increased synthesis of protein, genes that decrease syn-
thesis of lactose, genes that increase milk production in 
general, and genes that increase fat synthesis. However, 
the results in this study seem less clear cut, perhaps be-
cause genes that primarily affect synthesis of one milk 
component also affect synthesis of other components 
possibly through competition for substrate. The known 
acyl-CoA:diacylglycerol acyltransferase gene (DGAT1; 
Grisart et al., 2002; Spelman et al., 2002) is an example 
of these secondary effects; DGAT1 primarily affects fat 
synthesis, but the DGAT1 genotypes also differ in milk 
and protein yield.
The group of genes that increase milk yield more 
than protein and fat yields have effects that resemble 
those of some nongenetic factors such as stage of lacta-
tion and age and may reflect a physiological pathway 
that stimulates lactation but to which lactose synthe-
sis is more sensitive than fat and protein synthesis. 
Lillehammer et al. (2008) also found genes that alter 
a cow’s milk yield in response to feeding level but have 
less effect on fat and protein. Our results suggest that 
these genes have a bigger role to play in increasing ASI 
in Jerseys than in Holsteins. A possible mechanism by 
which these genes might act is suggested by the results 
of Chagas et al. (2009). They found that Holsteins of 
North American origin had higher milk yields, but not 
protein and fat yields, than Holsteins of New Zealand 
origin, possibly in part because of increased resistance 
to insulin.
It is possible that the association between an SNP 
and more than 1 trait reflects the effect of multiple 
QTL each affecting a single trait rather than 1 QTL af-
fecting multiple traits. With the current density of SNP 
marker panels it is difficult to distinguish multiple QTL 
in close proximity. It may be possible to distinguish 
between these QTL using denser SNP panels.
The precision of mapping was investigated by count-
ing significant SNP in the validation data set on either 
side of every significant SNP location in the discovery 
data set in ten 1-Mbp windows (range: 0.5–5 Mbp at 
either side of significant SNP). The number of signifi-
cant SNP was greatest within 0.5 Mbp of the discovery 
SNP but the number remained above that expected by 
chance even in the 4.5 to 5.0-Mbp interval for traits 
such as milk yield. MacLeod et al. (2009), in a simu-
lation study based on Holstein SNP data, also found 
that the most significant SNP could be 5 Mbp from 
the QTL because of the long-range LD in Holsteins 
and the environmental noise associated with estimating 
the small SNP effects. The PC analyses give a similar 
clustering of confirmed SNP in the <0.5-Mbp window 
as the 3 milk production traits.
The SNP may show an association with a trait because 
of LD between the SNP and a causal polymorphism. 
The LD may extend for <10 Mbp in cattle (de Roos 
et al., 2008). If significant SNP are consistently found 
in a validation population very close to the position of 
the significant SNP in the discovery population, then 
the causal polymorphism is probably mapped relatively 
precisely. This study presents evidence that significant 
SNP are found more often than expected by chance 
within 0.5 Mbp of the significant SNP in the discovery 
population.
Visscher et al. (1996) applied the bootstrap method 
to determine an empirical confidence interval of a QTL 
location found by a linkage analysis. The authors found 
strong negative correlations between the test statistic 
and the width of the confidence interval, hence the 
stronger the evidence of a QTL segregating the smaller 
the empirical confidence interval for its location. The 
results in this study show a similar trend, with the 
greatest clustering of confirmed SNP for milk yield that 
had the most significant SNP.
CONCLUSIONS
The power of single-trait GWAS to detect SNP asso-
ciated with a trait depends on the correlation between 
the phenotype used and the breeding value for that 
trait (i.e., the reliability of the EBV where that is the 
phenotype used in the GWAS). This study identified 
that the power of a multiple-trait GWAS was at least 
as high as that of single-trait GWAS for the traits 
with the highest reliability of EBV. Also, the benefit 
of a multiple-trait analysis over a single-trait analysis 
increased if the traits were highly correlated. Conse-
quently, the PC analysis based on 3 traits found more 
confirmed SNP associations than the PC analysis based 
on 11 traits because the 3 traits used were those that 
were most highly correlated and with the most reliable 
EBV. The multivariate analyses, both PC and bivari-
ate, did discover additional confirmed SNP associations 
that were not discovered by the univariate analyses 
without increasing the FDR. The SNP associated with 
effects on ASI tend to show 1 of 4 pleiotropic patterns. 
These patterns could correspond to QTL whose pri-
mary effects are to increase protein synthesis, decrease 
lactose synthesis, increase fat synthesis, or stimulate 
lactation in general, but lactose synthesis more than fat 
and protein synthesis. However, these patterns are not 
clear-cut, possibly because the primary effect is accom-
panied by secondary effects on other milk components 
due to competition for substrate or other causes. In the 
validation population, significant SNP tended to cluster 
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within 0.5 Mbp of an SNP that was significant in the 
discovery population, but there was still an excess of 
significant SNP up to 5 Mbp away from the discovery 
SNP. Principal component analysis did not noticeably 
improve the precision of mapping QTL.
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